Eastern populations of the Eurasian otter (Lutra lutra) have declined throughout Asia. Although the South Korean government designated the Eurasian otter as an Endangered Species and Natural Monument, limited information exists on the distribution and habitat of this top predator in riparian ecosystems at this terminus of its distribution. We documented the distribution and modeled the habitat of this species using sign survey data collected in 2009 and 2010. We analyzed otter presence with 21 raster data sets using environmental niche modeling. We evaluated 31 variables as explanatory variables for logistic regression models that considered detection and non-detection data. We detected otter sign at 83% (3,288 of 3,957) of survey sites within 63% (680 of 1,074) of survey cells. In our MaxEnt presence-only model, land cover type was the main contributing factor to predicting habitat suitability, with secondary influences from isothermality, precipitation in the wettest month, elevation, and temperature seasonality. Water quality and human disturbance were the main variables significantly associated with otter occurrence based on the regression model that included detection and non-detection data. Direct measures of human activity, such as traffic volume and land price, were better predictors than stationary factors such as density of buildings. Our results suggest that otters and humans can coexist in highly populated areas. Our information on the distribution and habitat characteristics of Eurasian otters in South Korea will assist habitat management and recovery projects in natural and anthropogenic environments.
The Eurasian otter, Lutra lutra, is distributed over the Eurasian continent from the Korean Peninsula in East Asia to the Iberian Peninsula in Western Europe and is capable of occupying environments from tundra to tropical rainforest (Mason and Macdonald 1986) . Despite its broad distribution, the species is classified as "Near Threatened" by the International Union for the Conservation of Nature (IUCN) and is listed in Appendix I by the Convention on International Trade in Endangered Species of Fauna and Flora (CITES- Mason and Macdonald 1986; Roos et al. 2015) . Populations in Asia have declined and the species became extinct in Japan in 1979 (Roos et al. 2015; Waku et al. 2016) . Nevertheless, a successful recovery of the species has occurred in Europe (Loy et al. 2009 (Loy et al. , 2010 Romanowski et al. 2013) . Extensive studies of western populations and habitats have provided useful information on the conservation and management of Eurasian otters in Europe; however, eastern populations remain relatively unstudied (Conroy et al. 1998 ).
After drastic declines in populations in South Korea, the government designated the species a Natural Monument in 1982 and an Endangered Species in 1998 (Jo et al. 2012) . The Ministry of Environment (MOE) designated 2 otter habitats as ecosystem conservation regions (1.83 km 2 of the Seomji River in 2001 and 26.2 km 2 of Jinyang Lake in 2006). However, apart from a penalty imposed on poaching ($50,000 USD or 5 years of imprisonment), no practical recovery projects have been implemented. The otter is one of the largest carnivores currently found in South Korea (Jo and Baccus 2015, 2016) and the South Korean public has developed a special interest in the conservation of this species (Ando and Sasaki 2001) .
Several studies have described habitat features of Eurasian otters in the western portions of its range at national or regional scales (Barbosa et al. 2001 (Barbosa et al. , 2003 Madsen and Prang 2001; Robitaille and Laurence 2002; Loy et al. 2004; Elmeros et al. 2006; Prigioni et al. 2007; Cianfrani et al. 2010 Cianfrani et al. , 2011  1106 JOURNAL OF MAMMALOGY Carone et al. 2012 Carone et al. , 2014 and scenarios of potential future distributions in Europe have been modeled (Cianfrani et al. 2011 ). Unfortunately, limited scientific studies have addressed the landscape-level distribution and habitats of this species in Asia (Conroy et al. 1998; Jo et al. 2006b Jo et al. , 2012 . In the 1980s, Japanese mammalogists first studied South Korean otters as a surrogate replacement for extinct populations in Japan (Jo 2004) . Ando et al. (1985) and Asahi et al. (1986) described the distribution of otters in the southern Korean Peninsula. Mammalogists have portrayed habitat features at local scales (e.g., a river, reserve, or national park) in South Korea (Jeong and Jo 2004; Jo et al. 2006a; Seo et al. 2014) and Jo et al. (2006b) applied a coarse-resolution grid (13.7 × 11 km cells) to create the first distributional map of the Eurasian otter for South Korea. However, this national distribution data has never been analyzed to address additional research questions.
Water pollution is considered the leading cause of population declines and reduced distributions of otters (Mason and Macdonald 1987a, 1987b; Conroy and Chanin 2000; Kruuk 2006; Loy et al. 2010 ; Table 1 ). PCBs and DDT are considered the primary pollutants affecting otter populations (Roos et al. 2001 (Roos et al. , 2010 (Roos et al. , 2012 . However, most investigators have focused on accumulations of toxic pollutants in spraints (otter scat) or carcasses (Jefferies and Hanson 2000) instead of the relationship between water quality and distributions of otters or the direct influence of water pollution on otter mortality. Acidity (pH) Low pH negatively affected the number of sprainting sites (Mason and Macdonald 1987b, 1989 ) Dissolved oxygen (DO) [mg/l] Low DO decreased otter prey items (Bedford 2009 ; Acharya and Rajbhandari 2014) Biological oxygen demand (BOD) [mg/l] Otter occurrence was negatively related to BOD level (Brzeziński et al. 1996 ; Acharya and Rajbhandari 2014) Chemical oxygen demand (COD) [mg/l] Otter occurrence was negatively related to COD level (Brzeziński et al. 1996 
The number of traffic-killed otters positively correlated with traffic volume (Elmeros et al. 2006 ) Distance from highway (HIGHWAY) [km] (3)
Highway density was negatively related to distribution of otters (Barbosa et al. 2001) Distance from major roads (MR) [km] (3)
Road density was positively related to absence of otters (Robitaille and Laurence 2002) Distance from railroads (RAIL) [km] (3) Both road and railroad lines were negatively related to otter habitat suitability (Klenke 1998 Buildings negatively affected presence of otters (Romanowski et al. 2013 ) *Residential population (POP) [numbers] (5)
Human density was negatively related to otter distribution (Barbosa et al. 2003; Loy et al. 2009 ) Distance national/provincial park (NP) [km] (6) A primary purpose of parks is protection of endangered species, including otters Distance from water protection (WP) [km] (6) Otters preferred protected river sections (Romanowski et al. 2013 
Land prices explained both the residential population and transient disturbances on industrial or commercial districts Environmental variables Land cover (LC)
Otter occurrences have been strongly related to various features of land cover (Robitaille and Laurence 2002) 
Otter distribution was negatively correlated with elevation (Barbosa et al. 2003) Isothermality (ISO) [mean diurnal range/annual temperature range] (8) ISO could limit the distribution of mammalian species (Boubli and De Lima 2009; Seitz et al. 2016) * VIF > 3; variable was omitted from the regression model. Sources:
Furthermore, the majority of previous studies excluded water quality as a covariate in modeling habitat suitability (Mason 1995; Madsen and Prang 2001) .
Roads and traffic have several negative impacts on individuals and populations of otters (Table 1) . The presence and density of roads or distance from roads has functioned as a negative factor in predicting otter habitat suitability (Barbosa et al. 2001 (Barbosa et al. , 2003 Robitaille and Laurence 2002) . Traffic volume, however, showed more direct relationships to otter mortality than spatial characteristics of roads did (Hauer et al. 2002; Elmeros et al. 2006) .
Human population density and residential development are frequently cited as indicators of anthropogenic disturbances in otter habitats (Barbosa et al. 2001 (Barbosa et al. , 2003 Madsen and Prang 2001; Robitaille and Laurence 2002;  Table 1 ). However, assessing the influence of human or building density as a direct index of disturbance poses a challenge because residential areas are often separated from otter habitat. Thus, the development of an alternative indicator is required for analyzing effects of anthropogenic disturbance on otters.
The linearity of aquatic systems occupied by otters results in special challenges for identifying influential habitat features for otter occurrence because the conventional approach for terrestrial mammals relies on surface features and polygons that frequently ignore the aquatic systems (Robitaille and Laurence 2002) . For example, spatial features commonly are used to describe the distribution of the Eurasian otter using layers representing features such as elevation, longitude, latitude, topography, and land use in a Geographic Information System (GIS- Barbosa et al. 2001 Barbosa et al. , 2003 Robitaille and Laurence 2002; Clavero et al. 2004) . Whereas elements within riparian environments can affect the interactions of otters and their prey (Ruiz-Olmo and Jiménez 2009), the spatial characteristics of habitat beyond the riparian areas are seemingly unimportant (Clavero et al. 2004) . Despite the significant relationship between elevation and distribution of otters in the Iberian Peninsula, Ruiz-Olmo (1998) concluded that elevation as a limiting factor could not, by itself, explain the broad range of Eurasian otters across various climatic zones in Eurasia.
Currently, Asian countries are interested in conservation of Eurasian otters. China, Mongolia, North Korea, and South Korea have listed the Eurasian otter on their Red Lists. Japan has shown a great interest in the restoration of otters (Ando and Sasaki 2001) , as have several local governments in South Korea including Metropolitan Seoul. However, a recovery plan based solely on political and public popularity without more conclusive information on the distribution and habitats of Eurasian otters in South Korea would likely be unsuccessful or inefficient (Jo and Baccus 2015, 2016) . A species distribution model for the Eurasian otter would be beneficial for protecting critical habitats and selecting reserves for future conservation plans (Guisan et al. 2013 ). Thus, we sought to identify variables associated with the presence of otters, to examine factors that distinguish their presence from their absence using information on detection-non-detection, and to use this information to create a species distribution model for Eurasian otters in South Korea. The identification of predictors of otter presence also will help address the general lack of ecological information about Eurasian otters in Asia.
Materials and Methods
Study area.-South Korea comprises the southern half of the Korean Peninsula between 33-38°N and 125-131°E (Jo 2015) and has a population of 49.3 million. Ninety percent of the population is concentrated in urban regions (70% live in metropolitan areas with 50% around Seoul; Fig. 1A ) and < 8% of the population lives in agricultural areas (Jo 2015) . Approximately 70% of the country is classified as forested mountains (Kong 1989) , and most of the mountainous areas are located in the northeast along the Baekdudaegan mountain range. Despite abundant mountains, no peak exceeds 2,000 m elevation in South Korea. Most major rivers flow from east to west or south and discharge into the Yellow Sea or the South Sea (Fig. 1B) . Rivers flowing into the East Sea are short and small (< 50 km). The longest river is the Nakdong-gang (525 km) and the largest watershed (34,397 km 2 ) is associated with the Han-gang (514 km -Jo 2015) .
Although South Korea has a temperate climate with 4 distinct seasons, various regional climates exist due to its northsouth length, topography, and both continental and coastal air currents. The annual mean temperature is 6-16°C and the annual mean precipitation is 1,200 mm (50-60% of the precipitation occurs from June to August). South Korea is covered by deciduous forests (38.2%), agricultural lands (27.5%), coniferous forests (25.6%), grasslands (4.4%), and urban and bare soils (4.1%- Kim 2000) . The vegetation of South Korea is classified into 5 zones (warm temperate forest, cool temperate forest-southern, cool temperate forest-central, cool temperate forest-northern, and subarctic forest zone) or 6 types (evergreen broad-leaved forest-subtropical, deciduous forest-southern temperate, deciduous forest-central temperate, deciduous forest-northwestern temperate, deciduous forest-northeastern, and coniferous forest-subarctic) based on the temperature zones (Yim and Kira 1975; Kong 2007) .
Field survey.-We established a UTM grid system across the South Korean Peninsula with 10 × 10 km grid cells following the guidelines for standard otter surveys of the IUCN Otter Specialist Group (Reuther et al. 2000; Fig. 2) . We divided each 10 × 10 km grid cell into 4 quadrants (5 × 5 km) based on 1:25,000 scale maps, and verified the presence of aquatic systems in each grid cell. We then searched these units for sign of otters, mostly spraints, but other signs included foot prints, anal jellies, otter smears, and holts along the water systems from approachable sites such as a bridge, dam, pond, or other facility. We investigated a minimum of 1,000 m along each side of the river bank for any sign of otters at each survey site during 2009 and 2010 (Mason and Macdonald 1987a) . We recorded locations of all searched sites using a GPS V (Garmin Ltd., Lenexa, Kansas) noting whether spraints or sign were present or not.
We do not include estimates of probability of detection (Jeffress et al. 2011 ) because we visited each site only 1 time (with almost 4,000 sites, we could not visit each site more than once due to time and budget constraints). Because this species is a rare mammal in South Korea, we sacrificed the redundant sampling necessary to estimate probability of detection for the option of maximizing the geographic scope of sampling. Lacking estimates of the probability of detection if present, we refer to the outcome of the survey at each cell as either a "detection" or a "non-detection."
GIS analysis.-We used the maximum entropy method (MaxEnt, version 3.3.3k-Phillips et al. 2011) to identify variables that were most influential in predicting sites where otter sign was detected. This approach uses data only from grid cells where otters were detected. We used it to identify useful predictor variables from among 21 candidate raster data sets (19 environmental variables, a digital elevation model [DEM] , and a land cover map). MaxEnt is one of the most commonly used algorithms for developing species distribution models (Braunisch et al. 2013; Alvarez-Martinez et al. 2014) . The simple explanation for what a MaxEnt model does is that if we know the conditional values of the environmental covariates at the presence sites, and the values of the same covariates across all of the study area, we then only need knowledge of where the presence sites are to calculate conditional probability of occurrence. MaxEnt first makes an estimate of the ratio of presence sites/all study sites referred to as MaxEnt's "raw" output. This is the core of the MaxEnt model output, giving insight about what features are important and estimating the relative suitability of one place versus another (Ward et al 2009) . Seoul has 10 million inhabitants, followed by Busan (3.5M), Incheon (3M), and Daegu (2.5M).
We downloaded 19 current environmental data sets (30-s resolution of ESRI grids) from Worldclim (www.worldclim. org) and a DEM (30 × 30 m resolution) and a land cover map (30 × 30 m resolution, 7 categories; Table 2 ) from BizGIS (www.biz-gis.com). Because we could not access land cover data around the Demilitarized Zone between North and South Korea, we excluded the military areas. We clipped all other data sets using "Extract by Mask" function of ArcGIS10.2.2 (ESRI 2015) and adjusted the geographic dimensions of the data sets used in this analysis to the area mapped in the land cover data set. We used default settings for parameters of MaxEnt with 50 replicates. We compared the fit of alternative models using AUC (Area Under the receiver operating characteristic Curve). A model with an AUC value of 0.5 has the classification skill expected by chance, whereas a model with perfect classification skill corresponds to an AUC of 1.0 (Phillips et al. 2004; Baldwin 2009 ).
After selecting the top 5 variables that contributed at least 5% to the values selected to model species detection sites in our MaxEnt model, we verified the predicted value of the model using the raster images corresponding to the top 5 variables. To understand variability in environmental covariates between detection sites and non-detection sites, we compared the average value of raster cells with surveys that detected otter sign with the average value of the raster cells with surveys that did not detect otter sign, using the 5 raster images. Because most of the environmental variables were strongly related, we eliminated 1 of any pair of variables that had a correlation coefficient > 0.8.
To assess impacts of water quality, we mapped 836 water quality monitoring stations as a point-type shapefile. Based on data available, we downloaded water quality data (Table 1) from 2010 from the National Water Information System (water.nier.go.kr) and assigned water quality data (excel data) to each monitoring station (point shapefile) by "join function." To identify the influence of traffic, we downloaded the average daily traffic of 2011 from the Traffic Monitoring System (www.road.re.kr) and mapped average daily volume recorded to 3,487 traffic monitoring points. To evaluate impacts of human activity, we converted official 2010 land prices from the Ministry of Land, Infrastructure, and Transport into a coverage of 400,996 points. To access effects of human density, we built a data set (959,660 points) of both people per house and the residential human population density with 2010 statistics available from the Ministry of Interior. To investigate impacts of tourism, we mapped 233 tourism zones designated by the Ministry of Culture, Sports, and Tourism as a point shapefile (Table 1) . We created polygons of national and provincial parks and downloaded data sets of water source protection areas from the Korean Water Resources Management Information System (www.wamis.go.kr). To assess effects of roads, we extracted major roads and railroad data sets from 2013 census data sets available from the Statistics Geographic Information Service (sgis.kostat.go.kr). Finally, to represent land use types, we merged 813 land cover maps (5 × 5 m resolution, 22 categories; Table 2 ) based on 2007 satellite images provided by the MOE.
To relate each of the environmental variables to otter survey points, we first identified the closest data point for each of the environmental variables (water quality, traffic, land price, and residential human population) to each otter survey point and united the information using the "spatial join function" in ArcGIS. The mean distance of daily travel for an otter is up to 10 km (Erlinge 1967 ), so we excluded points that were farther than 10 km from each otter survey site. We then calculated the distance of otter survey points from designated tourism zones, national or provincial parks, water source protection areas, national highways (i.e., interstate highways), major roads, and railroads. We quantified land cover types within a 50-m buffer around each otter survey point.
Statistical analysis.-We examined the influence of selected environmental covariates (Table 1) on otter detection-non-detection using logistic regression with a vector of 1s (representing sites where otters were detected) and 0s (representing sites where otters were not detected) as the binomial response variable. Prior to this analysis, we assessed the collinearity of continuous predictor variables using variance inflation factors and omitted a variable if the factor was > 3.0 (Zuur et al. 2010 ). We scaled covariates by subtracting the mean and dividing by the SD. We used backwards stepwise regression to select the model that best distinguished sites where otter sign was detected from sites where it was not. We dropped 1 explanatory variable in turn by applying analysis of deviance tests between the previous and subsequent model using the function "drop1" in statistical program R following Zuur et al. (2009) . This process of variable exclusion continued until all covariates in the model had beta values with corresponding 95% confidence intervals that did not include 0. We validated the selected model by examining the differences between the null deviance and residual deviance of each variable using analysis of variance, chi-square tests, and McFadden's pseudo-R-squared value. McFadden's pseudo-Rsquared evaluates the total variability explained by any particular model when compared to the null model (McFadden 1973) . All analyses were conducted at the α = 0.05 level of significance. The best-fitting model, built using detection data only (MaxEnt), had good fit (AUC = 0.785 ± 0.026; Fig. 3B ). The variables included in that model, in decreasing order of importance and including the percent of contribution (goodness-of-fit measure for a model) were: land cover (45.8%), isothermality (19.3%), precipitation during wettest month (6.8%), elevation (5.4%), and temperature seasonality (5.0%). Contributions from the other 16 variables did not exceed 3.5%. The mean value (± SD) of predicted habitat suitability per grid cell across the entire southern Korean Peninsula, calculated using MaxEnt, was 0.249 ± 0.175. The mean (± SD) value at detection locations was 0.529 ± 0.149 and the mean value at cells sampled, but without otter sign, was 0.272 ± 0.165 (Fig. 4) .
Available land cover based on our sampling points (n = 3,770) was classified as agricultural (61%, 2,309), forest (23%, 866), urban (9%, 333), grassland (2%, 86), wetland (0%, 4), barren (2%, 68), or waters (3%, 104). However, otters were detected most commonly in agricultural (62.4%, 2,004) and forest (24.5%, 786), and least commonly in urban areas (8.0%, 244) among major land cover types (Fig. 5 ). Otters were not found in mountains and avoided lowland urbanized areas. Mean elevation was 181 m at sites with otter detections and 61 m at sites without detections. The majority (65%) of otter sign occurred below 200 m elevation and sign was extremely rare above 300 m (Fig. 6) .
Three environmental variables (isothermality, precipitation in the wettest month, and temperature seasonality) were strongly correlated (r > 0.8) and precipitation in the wettest month and temperature seasonality were omitted from analysis. Assessing model variables with logistic regression, we excluded total nitrogen, fecal coliforms, dissolved total nitrogen, phosphorus, chlorophyll-A, and residential population due to multicollinearity (VIF > 3). We used a stepwise logistic regression method on data including 13 variables (Tables 3 and  4) . The model that best distinguished otter detection from nondetections sites explained 68% of the variability. The following variables had negative effects on the probability of otter sign (in decreasing effect size): chemical oxygen demand (COD), land price, national or provincial parks, nitrate-nitrogen, ammonianitrogen, traffic volume, water protection area, and tourism area ( Fig. 7; Table 3 ). In decreasing magnitude of effect, the following variables were positively associated: isothermality, transportation land type, terrestrial wetlands, elevation, freshwater system, water temperature, and acidity ( Fig. 7 ; Table 3 ).
discussion
We used both detection-only data and detection-non-detection data to model environmental covariates to predict the occurrence of otter sign. Both approaches identified land cover types, isothermality, and elevation as important. However, the logistic regression model that used both detections and non-detections included additional useful variables, such as water quality and human activities. The detection-only MaxEnt model employed limited raster data sets, whereas the logistic regression models based on detection and non-detection data included both raster and vector data sets. Since our logistic regression model investigated more variables, the 2 approaches showed the difference.
Modeling using presence-only data is an increasingly common method (e.g., Ecological Niche Factor Analysis). The MaxEnt, or Poission process model (Hirzel et al. 2002; Renner and Warton 2013) , is relatively simple to do, and raster data sets of potential predictors (e.g., DEM, climate, cover type) are readily available. MaxEnt has the benefits of ease of use, and robustness of results with irregular samples and minor location errors (Kramer-Schadt et al. 2013; Renner and Warton 2013) . Gormley et al. (2011) found high similarity between a detection-only MaxEnt model and a detection-non-detection Bayesian model. However, MaxEnt models have a few shortcomings including being scale (resolution)-dependent and sampling-biased.
Logistic regression based on detection-non-detection data, on the other hand, allows more accurate predictions of habitat suitability than presence-only data (Brotons et al. 2004 ). Thus, we used detection-only MaxEnt models to identify potentially important environmental variables and then employed logistic regression models to explain the relationship between otter detection-non-detection and variables. When absence data are available, species distribution models based on both presence and absence data are more accurate (Brotons et al. 2004 ). Although land type was the variable that contributed the most in the presence-only model and the majority of otter detections were confirmed on agricultural and forest land types, neither agricultural nor forest land cover types had significant relationships in the logistic regression model. This may have been related to the difference of resolution between maps. For example, a number of otter detection points in agricultural or forest land cover types in the 30 × 30 m resolution map were reclassified as freshwater or terrestrial wetland in the 5 × 5 m resolution maps. Also, the coarse resolution (30 × 30 m) of the raster land cover layer made identification of riparian vegetation or human disturbance difficult. Therefore, our presence-only model did not reflect human disturbance due to the scale dependency of MaxEnt.
The environmental features that we associated with the occurrence of otter sign differed greatly from previous smallscale studies conducted in South Korea. In a small-scale habitat suitability analysis, otter occurrence was primarily related to the types of vegetation on river banks (Jo 2004; Seo et al. 2014) . However, our best predictive logistic regression model found that detection of otter sign was more significantly associated with a variety of variables related to water quality, human disturbance, and environmental features than with vegetation type (Table 4) . This difference may be because our surveys occurred at a scale for which information about type of riparian vegetation was unavailable. Although large-scale analyses, such as ours, may ignore some important microhabitat features, such as narrow riparian vegetation, they compensate for this shortcoming by being general enough for the purpose of national or regional conservation planning.
The Eurasian otter has been considered an indicator species for healthy riparian ecosystems because of its sensitivity to human disturbances (Ando and Sasaki 2001) . In particular, water pollution has been considered a primary limiting factor for the distribution of otters (Elliot 1983; Prigioni et al. 2007 ). Our logistic regression models indicated a negative relationship between otter sign and some indicators of poor water quality (COD, NH 3 -N, and NO 3 -N). In Denmark, otters were ***P < 0.001, **P < 0.01, *P < 0.05, and
• P < 0.1. associated with areas of higher organic pollution, a result that was explained by the increased productivity of these waters (Madsen and Prang 2001) . Furthermore, water acidification is a limiting factor for populations of fish, which reduces the carrying capacity for otters (Mason and Macdonald 1987b; Madsen and Prang 2001) . The pH range for sites where otter sign occurred in our study was 6.7-9.1 (mean = 7.79) and our logistic regression model revealed a positive relationship between otter occurrence and pH, which is consistent with the results from several European studies (Mason and Macdonald 1987b, 1989; Madsen and Prang 2001) . However, we did not detect relationships with other important pollution indicators, such as biological oxygen demand (BOD) or coliform bacteria. Our study suggests that otters appear to tolerate moderate impacts to water quality in agreement with other studies (e.g., Weinberger et al. 2016 ).
Otter occurrence was not significantly related to density of national highways or distance from major paved roads, but we detected a decrease of otter detections with increased traffic volume. Because road density is high across South Korea (mean = 0.91 km/km 2 in 2006-Han and Kim 2010), it might be impossible for otters to avoid paved roads during movements. Land uses associated with transportation (i.e., roads, railroads, airports, and piers) positively influenced the probability of otter detections in our analysis. Indeed, we frequently detected otter sign under bridges of roads and railroads and we found otter holts in old bridge structures. These observations suggest that otters do not avoid infrastructure associated with transportation as much as they may avoid areas with high traffic volume. Residential populations and buildings have been used as indices of human disturbance (Robitaille and Laurence 2002; Barbosa et al. 2003; Loy et al. 2009; Romanowski et al. 2013 ) but we did not detect relationships between otters and these conventional indicators, despite the scarce occurrence of otters in densely populated cities (Fig. 3D) . Instead, we identified a negative relationship between otters and land price (Table 3) . Land price reflects both residential and transient human activity (Kang 2011) , is information that is easily obtained, and therefore may be a better index of anthropogenic disturbance than human population or density of buildings.
National and provincial parks are probably beneficial for otters because they protect aquatic resources within their boundaries. We discovered that the distance from a protected area was negatively associated with otter detection. However, despite expecting the opposite, otter sign was more likely to be found near tourist areas. Although tourism has been regarded as a human disturbance factor (Ruiz-Olmo 1998), Barbosa et al. (2001) did not find a relationship between otters and tourism variables such as hotels, camping sites, and numbers of tourists. Although tourism activities require notable infrastructures, most tourism destinations in South Korea are located in pristine environments. Despite being crowded with tourists during the day, riparian habitats in protected areas can still be frequently used by otters at night. We often detected otter sign at tourism destinations, providing more evidence of coexistence between humans and otters.
Elevation can be a significant limiting factor for the distribution of otters, as higher elevations are correlated with food scarcity due to low temperatures. Otters are found in mountainous areas in Spain (Elliot 1983 ), but in the Iberian Peninsula they have difficulty maintaining populations above 2,000 m (Ruiz-Olmo 1998). We found a positive relationship between otters and elevation, similar to previous work (Jeong 2006; Jo et al. 2006b ) but the mountains in South Korea are of relatively low elevation (typically less than 2,000 m). Robitaille and Laurence (2002) considered elevation as a poor indicator of otter occurrence at the international scale because otter occurrence is not related to elevation at the scale of the European continent. Anthropogenic factors also may explain the positive correlation between detection of otter sign and elevation in South Korea because otters may occur less often in the human residential areas that are concentrated in mountain valleys (Elliot 1983) . Despite the positive relationship with elevation, 24% of otter occurrence was below an elevation of 50 m, which was associated with coastal freshwater habitats (Figs. 3C and 6) .
Abiotic factors such as solar radiation, humidity, precipitation, and temperature are reported to affect the distribution of Eurasian otters (Barbosa et al. 2001 (Barbosa et al. , 2003 ), yet we did not find this to be the case. However, South Korea may be too small for sufficient variation in climatic factors to be important predictors (Guisan and Thuiller 2005) . In our logistic regression model, isothermality and water temperature were the only environmental factors with significant relationships with otter detections. Other studies also found that isothermality could affect the distribution of several species (Boubli and De Lima 2009; Chefaoui et al. 2016; Seitz et al. 2016) . Despite their well-insulating fur, maintaining constant body temperature is challenging for this semiaquatic mammal living in cold water (Kruuk 2006) , and water temperature is an important limiting factor of otter distribution (Ruiz-Olmo 1998). The positive relationship between otter presence and isothermality indicates a preference for habitats with minimal variation in daily temperature. Water temperature was also identified as an important predictor of otter detection using our logistic regression model.
The patterns of otter occurrence in land cover type from the presence-only model were similar to patterns in Europe, where non-agricultural and non-forested areas limited otter distribution (Robitaille and Laurence 2002) . Because we conducted surveys along aquatic systems that are commonly used in association with agriculture (mainly rice paddies), agricultural land use represented the largest and most important land type in our survey, similar to previous work (Lee and Cho 2005) , and accounting for 62.4% of our detections. The closest rice paddy was a mean (± SD) of 71 m (± 86) from sites with otter sign and 1,374 m (± 684) from non-detection sites. The association with agriculture is surprising given that these areas are sources of agricultural pollutants, yet Mason (1995) found no evidence that farm pollution affected otters in Britain. Due to the drastic decrease in agriculture in South Korea (Park 2010), the adverse effects of agricultural pollution have probably declined as well.
A few researchers have argued that otters are tolerant of the kind of human disturbance that occurs within city boundaries (Mason and Macdonald 1986) . Our results confirm the significant use by Eurasian otters in South Korea of lands substantially altered by humans, including the discovery of otter sign inside mega cities such as Daegu and Daejeon. Although otters occur in these large cities, they are sensitive to some aspects of human activities indicated by the negative relationships between detection and volume of vehicular traffic and the price of land. Although South Korea is one of the most populated countries in the world, the Eurasian otter still occurs throughout most of the country. Otter conservation and recovery in South Korea may provide a useful model for coexistence between humans and carnivores.
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